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Big+Data+Challenges+for+ML+

We+face+an+explosion+in+data!++

+Internet+transac@ons+
+DNA+sequencing ++

+Satellite+imagery+

+Environmental+sensors+

+…+

+

RealHworld+data+can+be:+

+Vast++
+HighHdimensional+

+Noisy,+raw+

+Sparse+

+Streaming,+@meHvarying++

+Sensi@ve/private+

+



Machine+Learning+

Given+labeled+data+points,+find+a+good+classifica@on+rule.+

+Describes+the+data+
+Generalizes+well+

++

E.g.+linear+classifiers:+



Machine+Learning+algorithms+

for+real+data+sources+

Goal:+design+algorithms+to+detect+paTerns+in+real+data+sources.+

)Want)efficient)algorithms,)with)performance)guarantees.)
+

•  Data+streams+++

•  Raw+(unlabeled+or+par@allyHlabeled)+data+
–  Ac@ve+learning+
–  Clustering+

•  Sensi@ve/private+data++
–  PrivacyHpreserving+machine+learning+

•  New+applica@ons+of+Machine+Learning+
–  Climate+Informa@cs+



Machine+Learning+algorithms+

for+real+data+sources+

Goal:+design+algorithms+to+detect+paTerns+in+real+data+sources.+

)Want)efficient)algorithms,)with)performance)guarantees.)
+

•  Data+streams+++

•  Raw+(unlabeled+or+par@allyHlabeled)+data+
–  Ac@ve+learning+
–  Clustering+

•  Sensi@ve/private+data++
–  PrivacyHpreserving+machine+learning+

•  New+applica@ons+of+Machine+Learning+
–  Climate+Informa@cs+

ScalingHup+unsupervised+learning+to+the++

velocity+and+volume+of+big+data.+



Data+stream+mo@va@ons+

Data+velocity:+data+arrives+in+a+stream+over+@me.+
+

+

+e.g.+forecas@ng,+realH@me+decision+making,+streaming+data+applica@ons.+

+ + ++

Data+volume:+data+is+large+compared+to+memory+or+

computa@on+resources.+

+

+

+ ++

+ + + + ++

+ + + ++

+ + + + + + + + + + +e.g. +resourceHconstrained+learning.+



Learning+from+data+streams+

Data+arrives+in+a+stream+over+@me.+

+
E.g.+linear+classifiers:+



Clustering+data+streams:+

Mo@va@ons+

•  Mul@media:+
–  Aggrega@ng+and+detec@ng+topics+in+streaming+media++

•  e.g.+clustering+video,+music,+news+stories+

•  Climate+/+weather:+
–  Grouping+/+detec@ng+spa@otemporal+paTerns+

•  e.g.+droughts,+storms+

•  Exploratory+data+analysis:++
–  e.g.+Neuroscience:+

•  online+spike+classifica@on+
•  paTern+detec@on+in+networks+of+neurons++
•  network+monitoring+

–  Astronomy+

+ ++



Clustering+

What+can+be+done+without+any+labels?+++

+Unsupervised+learning,+Clustering.+
++

+

+

+

+

+

+

+

+

+

+

How+to+evaluate+a+clustering+algorithm?+
+

+

+

+

+

+

+

+

+

+

+

)
)
)
)
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)
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+



kHmeans+clustering+objec@ve+

Clustering+algorithms+can+be+hard+to+evaluate+without+prior+

informa@on+or+assump@ons+on+the+data.+

+

With+no+assump@ons+on+the+data,+one+evalua@on+technique+is+w.r.t.+

some+objec@ve+func@on.+

+

A+widelyHcited+and+studied+objec@ve+is+the+kHmeans+clustering+

objec@ve:++Given+set,+)X+⊂+Rd,+choose+C+⊂+Rd,)|C|+=+k,)to+minimize:+

+
�

C

=
X

x2X

min
c2C

kx� ck2



kHmeans+approxima@on+

Op@mizing+kHmeans+is+NPHhard,+even+for+k=2.+++++++++++++++++++++++++++++++++
[Dasgupta+‘08;+Deshpande+&+Popat+‘08].+++

+

Very+few+algorithms+approximate+the+kHmeans+objec@ve.+

Defini@on:+bHapproxima@on:+

Defini@on:+BiHcriteria+(a,b)Happroxima@on+guarantee:++a⋅k+centers,+++++++++
+++++bHapproxima@on.+

Even+“the+kHmeans+algorithm”+[Lloyd+1957]+does+not+have+an+

approxima@on+guarantee.+Can+suffer+from+bad+ini@aliza@on.+

+

Goal:+approximate+the+kHmeans+clustering+objec@ve+with+

streaming+or+online+clustering+algorithms+[Open+problems,+

Dasgupta+‘08]+

+

�C � b · �OPT



Learning+from+data+streams+

+

+

+

“Streaming”+model:+
•  Stream+of+of+known+length+n.+

•  Memory+available+is+o(n)+

•  Tested+only+at+the+end+

•  A+(small)+constant+number+of+passes+allowed+
+

“Online”+model:+
•  Endless+stream+of+data+

•  Fixed+amount+of+memory+

•  Tested+at+every+@me+step+

•  Each+point+in+stream+is+seen+only+once++



Outline+

Streaming+clustering+

[Ailon,+Jaiswal+&+M,+NIPS+2009]+

Online+clustering+

[Choromanska+&+M,+AISTATS+2012]+



Streaming+kHmeans+approxima@on+

[Ailon,+Jaiswal+&+M,+NIPS+2009]:+

Goal:+approximate+the+kHmeans+objec@ve+with+a+oneHpass+streaming+

clustering+algorithm+

+

Related+work:+

[Arthur+&+Vassilvitskii,+SODA+�07]:++kHmeans++,+a+batch+clustering+

algorithm+with+O(log+k)Happrox.+of+kHmeans.++
+

[Guha,+Meyerson,+Mishra,+Motwani,+&+O�Callaghan,+TKDE+�03]:+
Divide+and+conquer+streaming+(a,b)Happroximate+kHmedoid+

clustering.++

+

+



Contribu@ons+to+streaming+clustering++

Extend+kHmeans+++to+kHmeans#,+an+(O(log+k),+O(1))Happroxima@on+to+kH

means,+in+batch+se5ng.+

+

Analyze+Guha+et)al.+divide+and+conquer+algorithm,+using+(a,b)H

approximate++kHmeans+clustering.+

+

Use+Guha+et)al.)with+kHmeans#+and+then+kHmeans+++to+yield+a+oneHpass+

O(log+k)Happroxima@on+algorithm+to+kHmeans+objec@ve.+

+

Analyze+mul@Hlevel+hierarchy+version+for+improved+memory+vs.+

approxima@on+tradeoff.+

+

Experiments+on+real+and+simulated+data.+



kHmeans+++

Algorithm:+

Choose first center c1 uniformly at random from X, 
and let C = {c1}.!
Repeat (k-1) times:!

Choose next center ci = x��X with prob.!
C � C � {ci}+++++++++++++++++++++++++++++++++++++++++++++++++++where++++

+

Theorem+(Arthur+&+Vassilvitskii+�07):++Returns+an+O(log+k)H+
approxima@on,+in+expecta@on.+



kHmeans#+

Idea:++kHmeans+++returns+k)centers,)with+O(log+k)Happroxima@on.++Can+we+

design+a+variant+that+returns+O(k)log+k)+centers,+but+constant+approxima@on?+

+

Algorithm: !
Initialize C={}.!
Choose 3
log(k) centers independently and uniformly 
at random from X, and add them to C.!
Repeat (k-1) times:!

Choose 3
log(k) centers indep. with prob.      !
and add them to C.!



kHmeans#+proof+idea+

The+clustering+(par@@on)+induced+by+OPT.+

X+



kHmeans#+proof+idea+

X+

The+clustering+(par@@on)+induced+by+OPT.+



kHmeans#+proof+idea+

X+

The+clustering+(par@@on)+induced+by+OPT.+



kHmeans#+proof+idea+

X+

The+clustering+(par@@on)+induced+by+OPT.+



kHmeans#+proof+idea+

X+

The+clustering+(par@@on)+induced+by+OPT.+

→+We+cover+the+k)clusters+in+OPT,+aver+choosing)O(k)log)k))centers.+



kHmeans#+

Theorem:++With+probability+at+least+1/4,+kHmeans#+yields+an+O(1)H+
approxima@on,+on+O(k+log+k)+centers.+

+

Proof+outline:++Defini@on+�covered�:+cluster+A+�+OPT+is+covered+if:
++ + + + ++ + + +,+where+ + + + + + +.+++

+

Define+{Xc,+Xu}:+the+par@@on+of+X+into+covered,+uncovered.+

•  In+first+round+we+cover+one+cluster+in+OPT.+++
•  In+any+later+round,+either:+
+Case+1:                           ++:++We+are+done.+(Reached+64Happrox.)+

+Case+2+:+++++++++++++++++++++++++++++ +:++We+are+likely+to+hit+and+cover+
++ + + + + + + + +another+uncovered+cluster+in+OPT.+

+

We+show+kHmeans#+is+a+(3
log(k),+64)Happroxima@on+to+kHmeans.+



kHmeans#+proof:++First+round+

Fix+any+point+x+chosen+in+the+first+step.++Define+A+as+the+unique+cluster+in+OPT,+

s.t.+x+�+A.++

+

Lemma+(AV+�07):+Fix+A+�+OPT,+and+let+C+be+the+1Hclustering+with+the+center+
chosen+uniformly+at+random+from+A.++Then+ + + + + + +.+

+

Corollary: + + + + + + + +++.++Pf.++Apply+Markov’s+inequality.++
+

Aver+3
log(k)+random+points,+probability+of+hi5ng+a+cluster+A+with+a+point+

that+is+good+for+A+is+at+least + + + + + + + +. + + +

+ + + ++++

So+aver+first+step,+w.p.+at+least+(1H1/k),+at+least+1 cluster+is+covered.+

1� (1/4)3 log k � 1� 1/k



kHmeans#+proof:++Case+1+

Case+1:+ + + + + +:++

+

+Since+X=+Xc+�+Xu++and+by+defini@on+of+ϕ,++
+

+

+by+defini@on+of+Case+1, and+defini@on+of+covered.+++
++

+Last+inequality+is+by+Xc+	X,+and+defini@on+of+ϕ (each+term+in+

sum+is+nonnega@ve).+



kHmeans#+proof:++Case+2+

Case+2:+ + + + + +:+

The+probability+of+picking+a+point+in+Xu+at+the+next+round+is:+

+

+

Lemma+(AV+�07):++Fix+A+�+OPT,+and+let+C+be+any+clustering.++If+we+add+

a+center+to+C,+sampled+randomly+from+the+D2+weigh@ng+over+A,+

yielding+C’+then: + + + + + + +.+++

Corollary:+ + + + + + + + + +.++By+Markov’s+inequality.+++++++++++++++++++++++++++++++++++++++++++++++++++

+

So,+w.p.++++++++++++++++++++we+pick+a+point+in+Xu+that+covers+a+new+cluster+in+

OPT.+

Aver+3
log(k)+picks,+prob.+of+covering+a+new+cluster+is+at+least+(1H1/k).+++



kHmeans#+proof+summary+

For+the+first+round,+prob.+of+covering+a+cluster+in+OPT+is+at+least+(1H1/k).++
+

For+the+kH1+remaining+rounds,+either+Case+1+holds,+and+we+have+achieved+
a+64Happroxima@on,+or+Case+2+holds,+and+the+probability+of+covering+a+

new+cluster+in+OPT,+in+the+next+round,+is+at+least+(1H1/k).+
+

So+the+probability+that+aver+k+rounds+there+exists+an+uncovered+cluster+
in+OPT+is+ + + + + + +.+

+

Thus+the+algorithm+achieves+a+64Happroxima@on+on+3k
log(k)+centers,+
with+probability+at+least+1/4.+++



kHmeans#+

Theorem:++With+probability+at+least+1/4,+kHmeans#+yields+an+O(1)H

approxima@on,+on+O(k+log+k)+centers.+

Corollary:+With+probability+at+least+1H1/n,+running+kHmeans#+for+

3
log+n)independent+runs+yields+an+O(1)Happroxima@on+(on+O(k+log+k)+
centers).+

+

Proof:++Call+it+repeatedly,+3
log+n+@mes,+independently,+and+choose+the+

clustering+that+yields+the+minimum+cost.++Corollary+follows,+since+++++++++++++++++++++++++++++++++

+ + + + + ++++.+

+

+

+ + + + + ++



Divide+and+conquer+clustering+

S+H+stream+

{Si}+–+par@@on+

(a,b)Eclustering+
{Ti}+H+sets+of+�centers�+

Sw+H+�i+Ti+with+weights+w(tij)+=+|Sij|+

)(a’,b’)Eclustering))))))))))))))))))))))))))))))))))
+++++++++++++++++++++++++++++++++++++++++++++

+ + + + + +T+–+final+“centers”+
+

[Guha+et)al.+‘03]+analyzed+this+template+for+kHmedoid+clustering:+

(a’,+O(bb’))Happroxima@on.+



OneHpass+kHmeans+approxima@on+

We+analyze+the+Guha+et)al.)scheme+for+(a,b)Happroxima@on+algorithms+w.r.t.+

kHmeans:++yields+a+oneHpass+(a’,+O(bb’))Happroxima@on+algorithm.+

+

Our+algorithm:+

+For+the+(a,b)+algorithm,+use+(repeated)+kHmeans#:++a+=+O(log+k),+b+=+O(1).+
++++++For+the+(a’,b’)+algorithm,+use+kHmeans++:++a’ = 1,+b’+=+O(log+k)+
+

So+the+combined+algorithm+is+a+(1,+O(log+k))Happroxima@on+to+kHmeans.+



+

Theorem:++Given+memory++

M)=)nα++for+a+fixed+α)>)0,+le5ng++

r+=+1/α)yields+an+rHlevel+oneH
pass+algorithm+with++

O(crH1+log+k)Happroxima@on.+Memory+vs.+Approxima@on+



Experiments+

+

Mixture+of+25+Gaussians:+
10K+points+sampled+from+a+mixture+of+

25+Gaussians+chosen+at+random+from+

15+dimensional+hypercube+(side+500).+



Experiments+

+
•  \\\\+

+

+

+

+

+UCI+data:+Clouds+and+Spambase.+



Outline+

Streaming+clustering+

[Ailon,+Jaiswal+&+M,+NIPS+2009]+

Online+clustering+

[Choromanska+&+M,+AISTATS+2012]+



Open+problems+posed+by+Dasgupta+

Provide+an+online+algorithm+for+kHmeans+clustering+endless+

streams+in+either+framework+[Dasgupta,+Spring+’08,+Lecture+6]:+

1.  At+@me+t,+algorithm+sees+data+point+xt,+and+outputs+the+set+of+k+

centers+Ct.+For+some+constant+α+≥+1+and+for+all+t:+

+ ++++

+ ++where+

2.  At+@me+t,+algorithm+announces+set+of+k+centers+Ct,+then+sees+xt+and+

incurs+loss+equal+to+cost+of+xt+under+Ct:++the+squared+distance+from+xt+

to+closest+center+in+Ct.+Goal:+bound+the+regret+G,+between+

cumula@ve+loss+at+@me+T,+and+OPT+for+the+stream+seen+so+far:++

+

+ ++

cost(Ct) � � · OPTt.

OPTt = cost(best k centers for x1, . . . , xt).

LT (alg) =
X

tT

min
c2Ct

kxt � ck2  OPTT + G



Online+clustering+with+experts+

Goal:+approximate+the+kHmeans+clustering+objec@ve+with+an+online+

clustering+algorithm+

•  A+new+evalua@on+framework,+extending+Dasgupta’s+

–  Bound+variant+of+2+w.r.t.+performance+of+a+set+of+experts:+clustering+

algorithms+

•  A+new+family+of+online+clustering+algorithms+

–  Extend+algorithms+for+online+learning+with+experts+

•  Performance+guarantees+with+no+data+assump@ons+

–  Regret+bounds+
–  Novel+form+of+online+clustering+approxima@on+guarantees,+w.r.t.+OPT!+

•  Encouraging+experimental+performance+

[Choromanska+&+M,+AISTATS+2012]+



Contribu@ons+to+online+clustering+

•  Extend+online+learning+algorithms+from+[Herbster+&+

Warmuth+‘98]+and+[M+&+Jaakkola+‘03]+to+clustering+se5ng.+

–  Instead+of+using+predic@on+errors+to+update+weights+over+experts,+
use+a+proxy+for+kHmeans+cost+obtained+so+far.+

•  Prove+(c,η)Hrealizability+of+our+clustering+and+loss+func@on.+
–  Allows+us+to+extend+regret+bounds+from+[HW98]+and+[MJ03].+

•  Add+assump@ons+that+experts+are+bHapproxima@on+

algorithms+w.r.t.+kHmeans+objec@ve,+to+extend+regret+bounds+

!+Novel+online+approxima@on+bounds+w.r.t.+OPT+for+the+en@re+

stream!+



Online+learning+(supervised+se5ng)+

•  Learning+proceeds+in+stages.+++
–  Algorithm+first+predicts+a+label+for+the+current+data+point.++

–  Loss+is+then+computed:+func@on+of+predicted+and+observed+label.+

–  Learner+can+update+its+hypothesis+(usually+taking+into+account+loss).+
•  Framework+models+regression,+or+classifica@on+

–  By+varying+choice+of+loss+func@on:+
•  Many+hypothesis+classes+

•  Problem+need+not+be+separable+

•  NonHstochas@c+se5ng:+no+sta@s@cal+assump@ons.+

–  No+assump@ons+on+observa@on+sequence.+

–  Observa@ons+can+even+be+generated+online+by+an+adap@ve+adversary.+
•  Analyze+regret:++difference+in+cumula@ve+loss+from+that+of+the+

op@mal+comparator+algorithm+for+the+observed+sequence+

(computed+in+hindsight)+.+



Online+learning+with+experts+

Learner+maintains+distribu@on+over+n)“experts.”+
+

+

+

+

+
+

+

+

+

Experts+are+black+boxes:+need+not+be+good+algorithms,+can+vary+with+@me,+and+depend+
on+one+another.+

+

Learner+informs+predic@on+using+a+probability+distribu@on+pt(i)+over+experts,+i,+
depending+on+L(i,t),+loss+of+expert+i’s+output+w.r.t.+observa@on+–+defined+per+
problem.+

++

Different+algorithms+to+update+pt+(i)+H+based+on+the+model+of+@meHvarying+data.+



Shiving+algorithms+

To+handle+changing+observa@ons,+maintain+pt(i)+via+an+HMM.+

+Hidden+state:+iden@ty+of+the+current+best+expert.++
+

+

+

+

+
+

+
+

+

+

+

[M&Jaakkola‘03]:+Performing+Bayesian+updates+on+this+HMM+yields+exis@ng+online+learning+algorithms.+

+

+

++

+

Sta@c+update,+P(+i+|+j+)+=+δ(i,j)+gives+[LiTlestone&Warmuth‘89]+algorithm:+The+Weighted+Majority+
Algorithm,+a.k.a.+Sta@cHExpert. ++

+

pt+1(i) �
�

j

pt(j)e�L(j,t)p(i|j)

pt+1(i) � pt(i)e�L(i,t)



Shiving+algorithms+

To+handle+changing+observa@ons,+maintain+pt(i)+via+an+HMM.+

+Hidden+state:+iden@ty+of+the+current+best+expert.++
+

+

+

+

+
+

+
+

+
+
+

+
+

+
+
+

+
+

+

Performing+Bayesian+updates+on+this+HMM+yields+exis@ng+OL+algorithms.+

+

+

+

+

[Herbster&Warmuth‘98]++

Model+shiving+concepts+via:+

++

pt+1(i) �
�

j

pt(j)e�L(j,t)p(i|j)



LearnHα algorithm+

LearnHα algorithm:+Learn+the+α parameter+using+α�experts,+
each+upda@ng+with+different+value+of+α.++Use+Bayesian+updates+to+
track+the+best+α.++#

pt+1(�) � pt(�)e�L(�,t)

pt+1;�(i) �
�

j

pt(j)e�L(j,t)p(i|j;�)

[M,+2003]+[M+&+Jaakkola,+NIPS+2003]+



Online+clustering+with+experts+

Algorithm+produces+clustering+informed+by+experts’+clusterings:+

•  Clustering+“experts”+output+centers+at+each+@me+t.+

•  Approxima@on+assump@ons+on+the+batch+clustering+algorithms+used+as+experts+

yields+novel+online+approxima@on+guarantees.+

•  At+@me+t,+algorithm+receives+experts’+clusterings+and+outputs+a+clustering+

informed+by+experts.+



Analysis+ideas+

•  Prove+clustering+analogs+of+regret+bounds.+
–  Define+clustering+and+loss+func@ons.+

–  Prove+(c,η)Hrealizability+to+relate+our+loss+to+logHloss.+

•  Instan@ate+experts+as+(batch)+clustering+algorithms+with+bH

approxima@on+assump@ons,+run+on+sliding+window+

–  Star@ng+from+regret+bounds,+extend+with+approxima@on+

assump@ons+to+yield+novel+online+approxima@on+guarantees.+

L(xt, ct) =
����

xt � ct

2R

����
2



Performance+Guarantees+

•  Sta@c+expert:+

•  FixedHshare:+

•  LearnHα:+



+

+

+

Results:++final+kHmeans+cost+



+

+

+

Results:++mean+cost+over+sequence+



+

+

+

48+

Clustering+analogs+to+learning+curves+



+

+

+

Clustering+analogs+to+learning+curves+



Future+work+on+clustering+data+streams++

•  Online+clustering+with+experts,+where+experts+need+
not+be+clustering+algorithms+

•  A+nega@ve+result+for+Dasgupta’s+conjecture+
(framework+1).+

•  Other+open+problems+in+online+clustering+
– Online+spectral+clustering+
– Hierarchical+clustering+with+kHmeans+approxima@on+
guarantees+for+all+k+simultaneously+

– How+to+allow+k+to+vary+with+@meHvarying+data+

–  Your+sugges@ons?+
++



Thank+you!+

And)many)thanks)to)my)coauthors:)
+

“Streaming+kHmeans+approxima@on”+

+ +Nir+Ailon,+Technion+

+ +Ragesh+Jaiswal,+IIT+Delhi+

“Online+Clustering+with+Experts”+

+ +Anna+Choromanska,+Columbia+


